Model-free Reinforcement Learning (RL) offers an attractive approach to learn control policies for highdimensional systems, but its relatively poor sample complexity often necessitates training in simulated environments. Even in simulation, goal-directed tasks whose natural reward function is sparse remain intractable for state-of-the-art model-free algorithms for continuous control. The bottleneck in these tasks is the prohibitive amount of exploration required to obtain a learning signal from the initial state of the system. In this work, we leverage physical priors in the form of an approximate system dynamics model to design a curriculum for a model-free policy optimization algorithm. Our Backward Reachability Curriculum (BaRC) begins policy training from states that require a small number of actions to accomplish the task, and expands the initial state distribution backwards in a dynamically-consistent manner once the policy optimization algorithm demonstrates sufficient performance. BaRC is general, in that it can accelerate training of any model-free RL algorithm on a broad class of goal-directed continuous control MDPs. Its curriculum strategy is physically intuitive, easy-to-tune, and allows incorporating physical priors to accelerate training without hindering the performance, flexibility, and applicability of the model-free RL algorithm. We evaluate our approach on two representative dynamic robotic learning problems and find substantial performance improvement relative to previous curriculum generation techniques and naïve exploration strategies. Aeronautics and Astronautics,
I. INTRODUCTION
Reinforcement learning (RL) is a powerful tool for training agents to maximize reward accumulation in sequential decision-making problems [1] - [4] . In particular, model-free approaches to robotic RL may allow for the completion of tasks that are difficult for traditional control theoretic tools to solve, such as learning policies mapping observations directly to actions [3] . In spite of previous successes, RL has not seen widespread adoption in real-world settings, especially in the context of robotics. One of the fundamental barriers to applying RL in robotic systems is the extremely high sample complexity associated with training policies.
One approach to overcoming sample complexity is to train in simulation and port to the true environment, possibly with a "sim-to-real" algorithm to mitigate the impacts of simulator-reality mismatch [4] - [6] . While this is a promising approach that reduces the number of trials that are required to run on a physical robot, it still requires possibly millions of trials on simulated systems [7] . A root cause of this extremely high sample complexity is the use of naïve exploration strategies such as -greedy [8] , Ornstein-Uhlenbeck noise [9] , or in the case of stochastic policy gradient algorithms such as Proximal Policy Optimization (PPO) [7] , reliance on the stochasticity of the policy. These dithering exploration strategies are well-known to take exponential time for problems with sparse reward [10] . Unfortunately, in robotic learning, smooth reward functions can lead to undesirable behavior and sparse rewards corresponding directly to accomplishing a task are often necessary [11] , [12] . Moreover, if another component of the reward function is a cost associated with control, naïve exploration strategies may actually guide the system away from the goal region in an effort to minimize control costs.
In the context of robotics, exploration efficiency has the potential to be substantially improved by leveraging physical priors [13] . Model-based approaches to robotic RL have demonstrated exceptional sample efficiency [14] , but are often limited to generating local models and policies, and are not capable of solving as wide a variety of problems as model-free methods. Techniques to leverage models to guide exploration often require either substantial modification of the underlying model-free learning algorithm [13] , [15] , or leverage control theoretic tools which potentially prevents application to many interesting problems [16] , [17] .
Contributions: We propose Backward Reachable Curriculum (BaRC), a method of improving exploration efficiency in model-free RL by seamlessly leveraging approximate physical models without altering the RL algorithm. Our approach works by altering the initial state distribution used when training an arbitrary model-free RL agent. We start training from states near the sparse goal region, and iteratively expand the initial state distribution by computing approximate backward reachable sets (BRSs): the set of all points in the state space capable of reaching a certain region in a fixed, short amount of time.
By explicitly moving the initial state distribution backwards in time from the goal according to approximate dynamics of the system, we initially train on simple problems, ensuring the learning agent receives a strong reward signal. As the agent demonstrates mastery, we increase problem difficulty until arriving at the original learning problem. Our approach requires only approximate BRSs, so a low-fidelity approximate model can be used to compute them. During forward learning, the original high-fidelity model is used, so our method is simply a wrapper that augments any modelfree RL algorithm.
One key feature of our approach is that BRSs expand in all dynamically feasible directions of the state space, providing a "frontier" from which states are sampled. By using prior knowledge of the system through approximate dynamics and performing backward reachability, we drastically improve sample efficiency while still learning a model-free control policy, thereby maintaining the potential to learn high quality policies with arbitrary inputs (such as images or other sensors inputs). Additionally, our approach is capable of handling highly dynamic systems in which the forward and backward time dynamics vastly differ, and is modular in the sense that any model-free RL method and any reachability method can be combined.
We demonstrate our approach on a car environment and a dynamic planar quadrotor environment, and observe substantial improvements in learning efficiency over both standard model-free RL as well as existing curriculum approaches. We further investigate a variety of scenarios in which there exists mismatch between the model used for curriculum generation and for forward learning, and find good performance even with model mismatch.
II. RELATED WORK
One growing body of work that aims to improve exploration efficiency in general RL problems has been on the topic of deep exploration [10] . Dithering strategies such as -greedy aim to explore the state space by taking suboptimal actions with some low probability. However, this does not account for the relative uncertainty of value estimates, and thus an agent in an MDP with sparse reward will continuously explore a region around the initial state, as opposed to deliberately searching the state space [18] . General purpose deep exploration strategies address this problem by, for example, maintaining approximate distributions over value functions and sampling at the start of each episode [10] , or augmenting the MDP reward towards reducing the agent's uncertainty in environment dynamics [19] . In the specific context of robotic RL in simulation, the availability of physical models and the ability to adjust the parameters of the RL task while training should enable guiding exploration in a more direct manner; this is the high-level motivation for our work.
Our approach is based on ideas from curriculum learning, which aims to improve the rate of learning by first training on easier examples, and increasing the difficulty as training progresses until the original task becomes appropriate to train on directly [20] . In supervised learning, a variety of handdesigned curricula methods as well as automatic curriculum generation methods have been effective in certain scenarios [21] , [22] . Several authors have also applied curriculum schemes to robotic systems [23] , [24] ; however, these approaches are based on learning pre-specified control primitives or identifying inverse dynamics models, as opposed to directly solving a given MDP. A common curriculum method in RL is reward "smoothing", in which a sparse reward signal is replaced with a smooth function, thus providing reward signal everywhere in the state space. A common example of this is providing a cost that is quadratic in the distance to the goal state. This approach has been shown to yield highly sub-optimal policies in numerous robotic control tasks [11] , [12] . For example, in a peg insertion task, [11] found that the robot would instead place the peg beside the hole, as opposed to successfully inserting it. We compare against reward smoothing in our numerical experiments.
The work of [12] offers an attractive, purely model-free approach to curriculum generation for robotic RL, which adjusts problem complexity by adjusting the initial state distribution of the RL task during training. The authors argue that initial states which yield a medium success rate lead to good learning performance, and thus select new start states by sampling random actions from these medium success rate states. This approach was applied successfully in a variety of systems, but can break down for highly dynamic or unstable systems. In such systems, the state reached by taking random actions from a "good start state" is likely to be far from the original state and thus unlikely to itself also be a "good start state." Further, for systems where dynamics moving forward in time are very different from those moving backward in time, e.g. underactuated systems with drift, this random action sampling curriculum may never train from starts that belong to the true initial state distribution. Compared to the work in [12] , our method can be viewed as a generalization that explicitly utilizes prior knowledge of a system. By expanding BRSs outward from the goal and generating a more uniform coverage of the state space, our approach effectively prioritizes exploration of the frontier of the BRS.
Backward reachability has been extensively used for verifying performance and safety of systems [25] , [26] . There are a plethora of tools for computing BRSs for many different classes of system models [27] - [29] . Since the traditional focus of backward reachability has been on providing performance and safety guarantees, computations of BRSs are expensive. Recent system decomposition techniques are effective in alleviating the computational burden in a variety of problem setups [30] - [32] . As we will demonstrate, approximate BRSs computed using these decomposition techniques are sufficient for the purpose of guiding policy learning and do not significantly impact training time.
III. PROBLEM FORMULATION
The goal of this work is to seamlessly leverage physical priors to provide a method for generating curricula to accelerate model-free RL for sparse-reward robotic tasks in simulation. In the following subsections we formalize the notion of a sparse-reward robotic RL task and specify the physical priors we leverage.
A. Sparse Reward MDP
We assume the robotic RL task is defined as a discrete time MDP of the form (S, A, F, r, ρ 0 , γ, S g , S f ), in which S ⊂ R n and A ⊂ R m are the state and action sets respectively, ρ 0 is the distribution of initial states, and F : S × A → S is the transition function which may be stochastic.
The MDP is an infinite horizon process with discount factor γ. There exist two sets of absorbing states which we refer to as goal states, S g ⊂ S, and failure states, S f ⊂ S. This distinction is for technical reasons, but is an intuitive one that is common in robotic motion planning [33] . For example, a goal state may be a robotic arm successfully placing an object in the correct location, whereas a failure state may be the robot dropping the object out of reach.
The function r : S × A → R is a reward function, composed of a strictly negative running cost 1 , and the cost or reward associated with the goal and failure regions. The running cost implies that a robot can only accumulate negative reward during normal operation, and thus makes it desirable to reach the goal region as opposed to continuously accumulating reward. Finally, we make the technical assumption that for the optimal policy, for all s ∈ S, trajectories terminating in the goal region have higher expected reward than those terminating in the failure region. This is simply saying that it is always desirable to try to reach the goal region and to avoid failure. The reward structure presented herein is a generalization of that presented in [12] , and allows us to incorporate cost components that are common and desirable in robotics such as control effort penalties.
We assume we are training in simulation, and thus we can set the initial state of each episode arbitrarily. Furthermore, we assume we have knowledge of the goal region.
B. Approximate Dynamics Model as a Physical Prior
We assume access to physical prior knowledge in the form of a simplified, approximate dynamics model of the system, henceforth referred to as the curriculum modelM , with which approximate BRSs can be efficiently computed to guide the policy learning process. Depending on the method used to compute BRSs, an appropriate choice of curriculum model could take the form of an ODE, a difference equation, or an MDP. In this paper, we choose to use the Hamilton-Jacobi (HJ) reachability formulation, and hence assume that this curriculum model takes the form of a continuous-time ODE. In accordance with HJ reachability, let the curriculum state be denotedŝ ∈Ŝ ⊂ Rn, with dynamics given bẏ
where the simulator state dimension n is not necessarily equal ton. Specifically, we define a injective map φ(·) : R n → Rn that maps the simulator model state to the curriculum model state. In general, φ(·) is nonlinear and often a projection. The curriculum dynamics should be chosen to be a minimally sufficient representation of the dynamics, and is only need for a coarse approximation of the BRSs. The curriculum dynamicsf :Ŝ ×Â →Ŝ are assumed to be uniformly continuous, bounded, and Lipschitz continuous inŝ for fixedâ, so that given a measureable control function a(·), there exists a unique trajectory solving (1) [34] .
IV. APPROACH
Our full approach is summarized in Algorithm 1 2 . The intuition behind our method stems from pedagogy, where learners are taught foundational topics that are later layered with advanced study. BRSs offer a convenient choice as foundational topics in the context of continuous control tasks-in order to reach a state s in time T , a trajectory must pass through the BRS with time horizon T of state s, which we denote as R(T ; s). Thus, our algorithm begins by requiring the learner (an RL policy) to learn how to transition from states in the goal's BRS to the goal. Once the learner can successfully reach the goal from these states, the curriculum computes their BRS and uses this expanded set as new initial states from which to train, thus incrementally increasing the difficulty of the task. This process of expanding the initial-state distribution in a dynamically-informed manner continues iteratively until the BRS spans the state space or a given start state is reached. The rest of this section describes our algorithm in detail.
Every stage of the curriculum is defined by determining the set of initial states to train from by calling EXPAND-BACKWARDS to compute starts set, the union of R(T ;ŝ) for everyŝ in starts, which initially just contains a state in the goal region. The inner loop of the algorithm represents training a policy on this stage of the curriculum. Rather than only training on states from this expanded set, we sample N new states from the start set and mix in N old states sampled from old starts, a list of states from which the policy has previously demonstrated mastery of the task. In this way, we avoid catastrophic forgetting during the policy training. We train the policy using a model-free policy optimization algorithm for N TP iterations via the TRAINPOLICY subroutine. The subroutine also returns the success rate of the policy from the different initial states sampled during training. The starts list is updated to contain initial states from which the policy can reliably reach the goal. This is done via the SELECT subroutine, which returns initial states in success map with success rate greater than C select . These states are also added to the old starts buffer.
This inner loop repeats until the call to EVALUATE determines that the fraction of states in this stage of the curriculum from which π can reach the goal exceeds C pass . At this point, π is considered to have adequately mastered this curriculum stage, and we move to the next curriculum stage.
Hyperparameters: The algorithm has six hyperparameters. C select and C pass define a notion of mastery from a particular state and a curriculum stage respectively. The horizon T used in the BRS computation controls how much the task difficulty increases between stages of the curriculum. The ratio of N old to N new balances training on new scenarios with preventing forgetting. The number of training iterations between evaluations N TP should ideally be set to a value such that the policy has a high chance of mastering a stage of the curriculum after N TP iterations of the policy optimization algorithm, in order to avoid unnecessary evaluation checks. Empirically, the algorithm is robust to the settings of these hyperparameters.
Computing BRSs: To actually obtain BRSs, we use methods from reachability analysis. Specifically, we use the HJ formulation of reachability since our approach focuses on capturing key nonlinear behaviors of systems (through the curriculum dynamics model). The BRS of a target set F ⊂ Rn represents the set of states of the curriculum model s ∈ Rn from which the curriculum system can be driven into F at the end of a short time horizon of duration T . In our work, the BRS of a target set F ⊂ Rn, which we denote R(T ; F), is formally defined to be
which is obtained as the zero sublevel set of a value function V (−T,ŝ) that is the solution to an HJ partial differential equation (PDE) [25] , [26] : R(T ; F) = {ŝ : V (−T,ŝ) ≤ 0}. Due to space considerations, further description of BRS computation is provided in an extended version of this work, available at [35] . When the target set consists of a single statê s, we denote the BRS R(T ;ŝ).
Solving the PDE is computationally expensive in general. However, since here we are only using BRSs to guide policy search rather than their traditional application of verifying system performance and safety, we can make approximations. Specifically, we utilize system decomposition methods [30] - [32] with the simplified curriculum model in (1) to obtain approximate BRSs without significantly impacting the overall policy training time. The techniques in [30] - [32] provide outer approximations, although an outer approximation is not necessary for guiding policy search; any approximation that captures key nonlinear system behavior suffices. Each system we experiment on is first decomposed into overlapping subsets of one or two components, which can each be solved efficiently and run online in our algorithm. Specifically, we use the open source helperOC 3 
and Level Set Methods 4 toolboxes in MATLAB.
Sampling from a BRS: We perform rejection sampling over the components of the decomposed BRS approximation, meaning each component has low dimensionality (typically 1-D or 2-D) and thus it is inexpensive to evaluate membership. We first determine a tight bounding box around each component's BRS (this can be computed efficiently from widely available low-level contour plotting methods, e.g. contourc in MATLAB). Then, we uniformly sample points in the bounding box and reject any that fail membership checks. The initial bounding box calculation enables us to efficiently perform rejection sampling in cases where the size of the BRS is much smaller than the state space. Visualizations of our rejection sampling method and of BRSs can be found in the extended version of this paper [35] .
While a more formal theoretical analysis is out of the scope of this paper, the theoretical benefits of sampling based on BRSs can be gleaned from the definition of the BRS, which involves an existential quantifier for the control functionâ(·). This implies that a state that can possibly reach the goal using any policy is included in the BRS. This is 3 Found at https://github.com/HJReachability/helperOC 4 Found at http://www.cs.ubc.ca/˜mitchell/ToolboxLS/ Fig. 1 .
Performance of the car model under BaRC, the approach of [12] (referred to as Random Curriculum), and standard PPO [7] . Upper: Percentage of start states in which the learned policy can reach a specified goal state. This curve is equivalent to expected reward over a wide initial state distribution. Mean and 95% confidence intervals were computed from the results of 5 different runs. Lower: Average reward during policy training. Note that it is not desirable to have expected reward be approximately 1, as this implies that the curriculum is not providing sufficiently challenging problems. Instead, it is desirable to ensure the reward is between 0 and 1 to provide a learning signal for the agent during training.
in contrast to methods that sample the state space through applying random controls.
V. EXPERIMENTAL RESULTS
We perform numerical experiments on two dynamical systems, and evaluate a variety of model mismatch scenarios to investigate the robustness of BaRC to inaccurate curriculum models. All experiments were performed using the PPO algorithm as the model-free policy optimization method. The hyperparameters for both experiments can be found in [35] .
A. Car Model
We use a five dimensional car that is a standard test environment in motion planning [36] and RL [5] . The car has state s = [x, y, θ, v, κ] T , where x and y denote position in the plane, θ denotes heading angle, v denotes speed, and κ denotes trajectory curvature. The system takes as input a = [a v , a κ ] T , where a v is longitudinal acceleration and a κ is the derivative of the curvature. The reward function is an indicator variable for a small region around the goal state. The goal state is a point at the origin with velocity sampled uniformly from 0.1 to 1.0 m/s and heading sampled uniformly from −π to π radians. We consider states that are within 0.1 m in distance, 0.1 m/s in velocity, and 0.1 Fig. 2 . Performance of BaRC, random curriculum, and standard PPO on the planar quadrotor task. Left: Mean reward over ten experiments for the three approaches (95% confidence intervals). Note that between 4-8 iterations, the different instantiations of BaRC learn to reach the goal. The PPO policy simply learns how to however, whereas the random curriculum never learns any non-colliding behavior. Center: The average reward during training of the policy. The iterative increasing and decreasing of average reward for the BaRC agent shows the policy learning for a given BRS, followed by BaRC expanding the BRS. This alternating learning and expansion is repeated until the BaRC agent reaches the initial state and the algorithm achieves maximal reward in every iteration. Right: The mean reward over ten experiments, plotted versus wall clock time.
radians of the goal state to have reached the goal. The agent receives a reward of 1.0 upon reaching the goal, and 0.0 otherwise. The simulator model was used as a curriculum model for the experiments presented in the body of the paper. The extended version of this work [35] contains a collection of results for cases where there exists a mismatch between the simulator model and the curriculum model, and these systems performed similarly to the cases presented here.
To test coverage of the state space via the BaRC algorithm, we initialized a set of 100 points "behind" the goal state. Here, "behind" means that any sampled point's projection onto the goal state's velocity vector is negative. Further, the maximum angle allowed between any sampled state and the goal state's negative velocity vector is π/4. Finally, we orient the sampled states randomly within π/4 radians of the goal vector's orientation. Each of the sampled states has zero initial velocity and curvature. We then ran BaRC, evaluating at each iteration the number of original sampled states from which the learned policy could traverse to the goal. We chose this set as it is representative of states from which a policy could realistically traverse to a goal with nonzero velocity. Figure 1 shows the performance of BaRC, as well as the curriculum method presented in [12] (which we refer to as Random Curriculum) and standard PPO [7] . The top plot shows the number of start states from which the algorithm successfully reaches the goal state. When the success rate exceeded 95%, the task was considered solved and training was terminated. BaRC achieves rapid coverage of the state space and a success rate of greater than 95% for all five experiments in under thirty iterations of the outer loop. In contrast, PPO obtains almost no reward. The random curriculum approach successfully connects for between twenty and forty percent of start states and shows little improvement beyond the first 40 iterations. On the bottom, the average reward during training is plotted. These reward returns are for training from curriculum-selected start states as opposed to the true initial state distribution of the problem. As a result, counter-intuitively, it is desirable to have neither an average reward close to zero (implying an ineffective exploration scheme), nor an average reward close to one (implying the curriculum is expanding too slowly). The average reward for BaRC varied between approximately 0.4 and 0.9, demonstrating that the algorithm creates a well-paced curriculum that ensures good, continuous learning progress.
B. Planar Quadrotor Model
To evaluate the performance of BaRC on a highly dynamic, unstable system, we tested the algorithm on a planar simulation of a quadrotor flying in clutter. This planar quadrotor is a standard test problem in the control literature [37] , [38] . This system has state s = [x, v x , y, v y , φ, ω], where x, y, φ denote the planar coordinates and roll, and v x , v y , ω denote their time derivatives. The actions available to the agent are the two rotor thrusts, T 1 and T 2 . The learning agent receives an observation that is augmented with 8 laser rangefinder sensors (see Figure 3 for a visualization). These sensors are placed at every 45 degrees and provide the distance from the vehicle to the nearest obstacle. This observation allows the learning agent to map directly from sensor inputs to actions.
In this problem, the agent receives a reward of 1000 for reaching the goal region (defined as S g = {s : x ≥ 4, y ≥ 4}) and accumulates a control cost of 0.01(T 2 1 + T 2 2 ) per timestep. The episode runs for at most 200 timesteps, and the maximum thrust is set to be twice the weight of the quadrotor. If the agent collides with an obstacle or the walls it receives a cost equal to the maximum control cost over the entire episode. As such, it is always desirable for the agent to avoid collisions. Because of the extremely sparse reward associated with reaching the goal, the unstable dynamics, and absorbing collision states, this problem is extremely difficult to solve for standard exploration schemes. Figure 2 shows the performance of BaRC as well as the random curriculum and standard PPO. PPO, as expected, never reaches the goal and thus cannot learn to deliberately move toward the goal region. Instead, it learns a locally optimal policy which hovers in place to avoid collision. We also compare to standard PPO with a smoothed reward function. In this version of the problem, the reward function is augmented with a quadratic cost term, penalizing distance from the goal. As a result, the learned policy is a highly suboptimal local minimum, in which the agent hovers slightly closer to the obstacle above it, and to the right. It does not, however, learn a policy that allows it to reach the goal.
The random curriculum, because it takes random actions forward and backward, rapidly becomes unstable and achieves only infrequent rewards. It does not advance far enough in the state space to produce any deliberate goal- Fig. 3 . Left: Visualization of a trajectory from a BaRC-trained policy. The policy was trained for 10 BaRC iterations. The red lines denote laser rangefinder measurements which were included in the observation. They are excluded from the other two plots for clarity. Magenta indicates the goal region and grey indicates obstacles. Center Left: A trajectory from a policy trained using the random curriculum approach from [12] . It was trained for 10 curriculum iterations. Center Right: A trajectory from a policy trained using standard PPO [7] . It was trained for 200 PPO iterations (equivalent to 10 outer loops of 20 PPO iterations). Right: A trajectory from a policy trained using standard PPO, with a quadratized reward function.
seeking behavior from the true start state of the problem. In contrast, the BaRC agent learns to move to the goal every time within 4-8 iterations of the curriculum. As can be seen in the average reward plot (Figure 2, center) , there are discrete waves of policy improvement (average reward increase) followed by iterative expansion of the BRS (visible by the associated sharp reward decrease). This continues until the curriculum reaches the initial state. It then rapidly trains from the initial state, quickly improving to be able to consistently solve the problem. Sample trajectories are visualized in Figure 3 . Because we do not enforce a hover condition in the goal region, the BaRC policy learns extremely aggressive trajectories toward the goal.
Since PPO exploration steps are interleaved with expansion of the BRS, the average time per iteration is slower than standard PPO or the random curriculum. The performance versus wall clock time for both the car system and the planar quadrotor is presented in Figure 2 (right). Each iteration of BaRC takes roughly 2-3 times as long as standard PPO iterations. Even considering performance versus clock time, BaRC demonstrates dramatic performance improvement versus previous approaches. Moreover, once the BRS expands to include the initial state, expansion of the BRS may be halted and training can continue without any curriculum computation overhead.
VI. DISCUSSION AND CONCLUSIONS
In this paper, we proposed backward reachability curriculum (BaRC), which addresses the challenge of sample complexity in model-free reinforcement learning (RL) by using backward reachable sets (BRSs) to provide curricula for the policy learning process. In our approach, we initially train the policy starting close to the goal region, before iteratively computing BRSs using a simplified dynamic model to train the policy from more difficult initial states. BaRC is an effective way to leverage physical priors to dramatically increase the rate of training of model-free algorithms without affecting their flexibility in terms of applicability to a large variety of RL problems, and enables the solution of sparse reward robotic problems that were previously intractable with standard RL exploration schemes. The hyperparameters of BaRC, such as the time horizon of BRS expansions and the mastery threshold, are intuitive to a system designer and may be easily adjusted. In our numerical examples, since we used continuous time BRS methods, the time horizon of BRS expansion may be chosen to be any positive number, as opposed to being limited to the same time discretization of the simulator. Discrete time BRS methods can also be used to a similar effect, since the time discretization of the curriculum model need not be the same as that of the simulator model.
While we have seen strong exploration efficiency gains from directly computing BRSs, it is unclear if our approach could be relaxed to a sampling based scheme. Our approach mimics dynamic programming, first solving the control subproblem close to the goal region, and iteratively increasing the problem complexity while relying on the solutions to the previously solved subproblems. Sampling based analogues to dynamic programming exist in, for example, motion planning [39] , [40] . These sampling based algorithms, using the curriculum dynamics, may be a promising way to increase the efficiency of approximating BRSs.
There are several additional avenues of future work. First, incorporating both forward and backward reachability to speed up policy training when a particular initial state distribution is of interest has to potential to improve training efficiency. Investigating potential performance benefits of tuning the BRS time horizon and quantifying the sample complexity benefits of using BRSs versus simulating trajectories potentially with respect to the quality of the curriculum model are important characterizations of BaRC. Finally, performing efficient system identification [41] - [43] during portions of the training process that occur on the true to obtain a curriculum model in situations when an approximate model is not known a priori may be investigated to increase the set of problems BaRC may be applied to.
